ABSTRACT: Queensland experiences considerable inter-annual and decadal rainfall variability, which impacts waterresource management, agriculture and infrastructure. To understand the mechanisms by which large-scale atmospheric and coupled air-sea processes drive these variations, empirical orthogonal teleconnection (EOT) analysis is applied to 1900-2010 seasonal Queensland rainfall. Fields from observations and the 20th Century Reanalysis are regressed onto the EOT timeseries to associate the EOTs with large-scale drivers. In winter, spring and summer the leading, state-wide EOTs are highly correlated with the El Niño-Southern Oscillation (ENSO); the Inter-decadal Pacific Oscillation modulates the summer ENSO teleconnection. In autumn, the leading EOT is associated with locally driven, late-season monsoon variations, while ENSO affects only tropical northern Queensland. Examining EOTs beyond the first, southeastern Queensland and the Cape York peninsula emerge as regions of coherent rainfall variability. In the southeast, rainfall anomalies respond to the strength and moisture content of onshore easterlies, controlled by Tasman Sea blocking. The summer EOT associated with onshore flow and blocking has been negative since 1970, consistent with the observed decline in rainfall along the heavily populated coast. The southeastern Queensland EOTs show considerable multi-decadal variability, which is independent of large-scale drivers. Summer rainfall in Cape York is associated with tropical-cyclone activity.
Introduction

Inter-annual and decadal variability in Queensland's rainfall
The state of Queensland, in northeastern Australia, has experienced substantial inter-annual and decadal rainfall variability since reliable observations began in the late nineteenth century (Lough, 1991; Lavery et al., 1997; Hennessy et al., 1999) . Analysis of the SILO kriged gauge rainfall product (Jeffrey, 2001) , described in Section 2.1, reveals alternations between multi-year periods of above-and below-normal rainfall (Figure 1 ). The timeseries in Figure 1 uses May-April annual means, since the Queensland wet season spans November-April; the state receives approximately 80% of its annual rainfall in those 6 months. These inter-annual and decadal rainfall variations are far larger and have greater socio-economic impacts than any linear trends in seasonal or annual rainfall, which are small and statistically insignificant for Queensland as a whole (Nicholls and Lavery, 1992) . Rainfall along the eastern coast of Australia, including coastal Queensland, has decreased since the 1950s (Alexander et al., 2007; Gallant et al., 2007) , but it is unclear whether the decline has resulted from (1) an externally forced shift in the climatological rainfall (i.e. from anthropogenic climate change), or (2) the negative phase of a natural, multi-decadal or centennial oscillation (Cai et al., 2001) .
This study aims to identify and understand the influences of atmospheric and coupled atmosphere-ocean drivers on inter-annual and decadal rainfall variability in Queensland. An improved knowledge of the impacts of these drivers would aid rainfall predictions on temporal scales of one season or longer, as at these lead times models often have considerably more skill at predicting large-scale atmospheric variability than regional rainfall patterns. Improved predictions would aid efforts to mitigate the impacts of rainfall variability on agriculture, hydrology and infrastructure in Queensland. Conclusions from this work may also give insight into likely changes in Queensland's rainfall over the next several decades, which are critical for water-resource management.
Drivers of inter-annual and decadal rainfall variability
Inter-annual and decadal variability in Queensland's rainfall has been strongly linked to the El Niño-Southern Oscillation (ENSO; e.g. Allan, 1988; Wang and Hendon, N. P. KLINGAMAN et al. 1900 1910 1920 1930 1940 1950 1960 1970 1980 1990 2007) and the Inter-Decadal Pacific Oscillation (IPO; e.g. Power et al., 1999) , and to a lesser extent to the Southern Annular Mode (SAM; e.g. Meneghini et al., 2007; Hendon et al., 2007) . Local patterns of atmospheric variability also influence seasonal rainfall in Queensland, particularly variability in the extra-tropical storm tracks due to Southern Ocean blocking (Pook and Gibson, 1999; Risbey et al., 2009a) and intense coastal depressions (Holland, 1997) , as well as tropical cyclones (TCs) (Lough, 1993; Walsh and Syktus, 2003; Flay and Nott, 2007) . The current understanding of how these drivers influence Queensland is summarized in the following paragraphs. During the warm, El Niño phase of ENSO, the zonally overturning atmospheric Walker Circulation shifts east, moving its ascending branch further away from Australia and the descending branch closer. El Niño is therefore associated with drought in Queensland (McBride and Nicholls, 1983; Allan, 1988; Lough, 1991) . The opposite is true during La Niña: anomalous ascent over Australia and warmer local sea-surface temperatures (SSTs) promote above-average rainfall. Queensland is affected most strongly by ENSO events that are focused in the central Pacific, as represented by the Niño 4 SST index (Murphy and Ribbe, 2004; Wang and Hendon, 2007) . The ENSO-Queensland rainfall teleconnection is strongest in spring and weakest in autumn, the latter due to weak and incoherent ENSO activity during the 'predictability barrier' (Webster and Yang, 1992) . Power et al. (2006) , Cai et al. (2010) and others have shown that decadal and multi-decadal fluctuations in Pacific SSTs, termed the IPO, influence the strength of the ENSO-rainfall teleconnection in Australia. Near the equator, the IPO resembles a prolonged, zonally stretched ENSO; SST anomalies in the sub-tropical and extra-tropical Pacific oppose the equatorial anomalies (Folland et al., 2002) . It is unclear whether the IPO is physically distinct from the multi-decadal rectification of ENSO variability (Newman et al., 2003; Power et al., 2006) . The positive IPO, with warm (cool) equatorial (extra-tropical) SST anomalies, is associated with a weak ENSO teleconnection in Australia and reduced interannual variability in ENSO and Australian rainfall (Cai et al., 2001; Arblaster et al., 2002) ; the negative IPO has the opposite impact.
The SAM is the dominant mode of Southern Hemisphere extra-tropical circulation variability (Rogers and van Loon, 1982; Gong and Wang, 1999; Thompson and Solomon, 2002) . The positive SAM is associated with zonally symmetric positive (negative) mid-latitude (Antarctic) MSLP anomalies and a poleward shift in the Southern Ocean westerlies (Thompson and Wallace, 2000) . These shifts in the mid-latitude storm track primarily influence rainfall in southern Australia Risbey et al., 2009b) , although Meneghini et al. (2007) found that the positive (negative) SAM increased (decreased) winter and spring rainfall in southern Queensland via easterly (westerly) wind anomalies, increasing (reducing) onshore moisture transport.
Blocking anti-cyclones in the Southern Ocean also influence the mid-latitude storm track (Trenberth and Mo, 1985; Renwick and Revell, 1999; Pook and Gibson, DRIVERS OF QUEENSLAND RAINFALL VARIABILITY 1999) . These circulation distortions steer many cyclones south of Australia, but also allow 'cut-off lows', closed areas of cyclonic circulation, to form north of the block (Qi et al., 1999; Pook et al., 2006) . Cut-off lows often bring considerable rain to southern and central Australia, including southern Queensland, producing a positive correlation between blocking and seasonal precipitation (Risbey et al., 2009b) . Southern Ocean blocking occurs most frequently in winter and spring (Lejenäs, 1984; Pook and Gibson, 1999) . Blocks also form in the Tasman Sea between Australia and New Zealand, where, similar to the positive SAM, they enhance onshore moisture transport and coastal rainfall.
An average of four TCs year −1 form in the Coral Sea, most frequently in January-March; zero to three cyclones year −1 strike Queensland (Grant and Walsh, 2001; Walsh et al., 2004; Flay and Nott, 2007) . Lough (1993) found significant positive correlations between the number of landfalling TCs and both Queensland annual rainfall and the frequency of daily accumulations exceeding 50 mm. The number of landfalling TCs has declined since the late 1800s (Callaghan and Power, 2011) ; the cause of this remains unclear. El Niño (La Niña) is associated with an eastward (westward) shift in tropical cyclogenesis regions in the Southwest Pacific, reducing (increasing) the number of landfalling TCs in eastern Australia (Hastings, 1990; Kuleshov et al., 2009) . Callaghan and Power (2011) demonstrated that all years with multiple TC landfalls were La Niña years, while Walsh and Syktus (2003) concluded that near the Queensland coast strong La Niña conditions were associated with five times as many TC days as strong El Niño conditions. Flay and Nott (2007) suggested that the IPO drives decadal variability in southwest Pacific TCs.
Recently, Risbey et al. (2009b) examined the relative roles of the ENSO, the SAM, the Indian Ocean Dipole (IOD; Saji et al., 1999) and Southern Ocean blocking on rainfall across Australia, using correlations with seasonal rainfall. The ENSO showed the greatest correlation in all seasons with rainfall in most regions of Queensland, although in southeastern Queensland blocking and the SAM dominated in spring.
The IOD is not considered as a potential driver of Queensland rainfall in this study. Previous research has concluded that the IOD does not cause rainfall variability in Queensland independent of ENSO (Nicholls, 1989; Murphy and Ribbe, 2004; Risbey et al., 2009b; Smith and Timbal, 2010) . Although the IOD was initially included in this analysis, it was found to have no statistically significant impact on Queensland rainfall in any season.
Motivation and objectives
While many studies have examined point correlations between rainfall across Australia and individual drivers, few have attempted to link coherent spatial patterns of Australian rainfall variability to large-scale climate drivers. In this study, state-wide and regional patterns of seasonal rainfall variability will be associated with the potential drivers introduced in Section 1.2. The patterns will be determined by applying empirical orthogonal teleconnection (EOT; Van Den Dool et al., 2000) decomposition (Section 2.2) to the SILO kriged gauge rainfall analysis for 1900-2010 (Section 2.1). Compared to standard correlation analysis, the EOT technique has the advantage of identifying distinct, independent regional patterns of rainfall variability, which can then be associated with particular driving mechanisms (e.g. changes in circulation patterns, variations in cyclone activity). These associations will be formed by regressing the EOT timeseries onto observations and reanalysis data. Section 3 introduces the EOT patterns and analyses their temporal variability; the associations between each EOT and its atmospheric drivers are discussed in Section 4. The authors discuss and summarize the key conclusions of this study in Section 5.
Datasets and methods
SILO rainfall analysis
Monthly and seasonal rainfall totals were taken from the SILO dataset of kriged gauge values on a 25 km grid (Jeffrey, 2001) . SILO data were available for 1890 the March 1900 -February 2010 period (hereafter 1900 ) is analysed, as very few Queensland stations have records before 1900 (Lough, 1991; Lavery et al., 1997) . This provides 112 years of data for each season: December-February (DJF), March-May (MAM), June-August (JJA) and September-November (SON). Jeffrey (2001) used cross-validation to show that the monthly SILO totals were reliable across most of Queensland, with relatively higher (lower) skill in coastal regions (the Cape York peninsula) where station densities are high (low).
EOT analysis
First described by Van Den Dool et al. (2000) , EOT analysis decomposes a temporally and spatially varying field into a set of orthogonal patterns (EOTs). Unlike empirical orthogonal function (EOF) analysis, which produces patterns that are orthogonal in space and time, EOTs are orthogonal in either space or time; this study employs the latter. In the Van Den Dool et al. (2000) method, decomposition is achieved by first identifying the spatial point within the search domain that explains the greatest temporal variance at all other points. This is the 'central point' of the leading EOT; its timeseries becomes the timeseries of the leading EOT. The effect of the central point on all other points is then removed by linear regression, before identifying the point at which the residual timeseries explains the most variance in the residual field. This point becomes the central point of the second EOT. The technique is repeated until the desired number of patterns are found. Van Den Dool et al. (2000) demonstrated that EOTs of commonly used climate fields Smith (2004) argued for a modified EOT procedure for Australia, in which patterns are identified by the explained variance in the domain area-averaged rainfall, rather than by the sum of the explained space-time variance over all points. Since most of the rain in Australia, and hence nearly all of the variance, is concentrated along the coast, Smith (2004) found that the temporal variance in the spatially averaged rainfall was a less-biased descriptor than the space-time variance. Using the latter would result in EOT patterns heavily shifted toward the coast. Rotstayn et al. (2010) applied the Smith (2004) procedure to analyse improvements in the CSIRO Mk3.6 model's simulation of inter-annual Australian rainfall variability.
Here, EOTs are computed using the Smith (2004) method for each season using seasonal-total 1900-2010 SILO rainfall over a domain approximating Queensland: 9-30°S, 138-154°E. The first three EOTs are analysed for each season, as together these patterns explain at least 53% of the variance in the Queensland-average rainfall timeseries (Table I) . Subsequent EOTs each explain less than 5% of the variance. The EOT patterns are presented in Section 3.
Atmospheric and SST data
To analyse links to the atmospheric circulation, each EOT timeseries was linearly regressed against fields from the 20th Century Reanalysis (20CR; Compo et al., 2011) for 1900-2010. The 20CR differs from other reanalyses [e.g. the European Centre for Medium-Range Weather Forecasting 40-year reanalysis (ERA40; Uppala et al., 2005) ] in that (1) it is constrained only by observations of surface pressure, SST and sea ice, and (2) it employs an Ensemble Kalman Filter data-assimilation technique to create an ensemble reanalysis with 56 members. The ensemble-mean 20CR fields are used here, except where otherwise noted, as the ensemble mean represents the most likely state of the atmosphere (Compo et al., 2011) . The longer period of the 20CR compared to other reanalyses allows better resolution of the decadally and multi-decadally varying signals that are critical components of the variability in Queensland rainfall.
All 1900-2010 20CR regressions shown in this study were also computed for the ERA-40 period (1958 ERA-40 period ( -2001 and compared to regressions using ERA-40 data. The 20CR regressions were qualitatively similar to their ERA-40 counterparts, so the 1900-2010 20CR regressions are used throughout. The 20CR is less reliable in the early 20th century, as there are few available Southern Hemisphere surface-pressure observations to constrain the model. Seasonal-mean MSLP, 850 and 500 hPa winds and 500 hPa specific humidity on a 2°longitude × 2°l atitude grid were taken from the 20CR for 1900-2010. The climatological, seasonal-mean 850 and 500 hPa winds are shown in Figure 2 to aid interpretation of the anomalous circulations from the regression analysis. Key features include the DJF monsoon cyclone near 10°S (Figure 2(a) ), strong onshore winds along the Queensland coast in DJF and MAM (Figure 2(c) ), and the northward shift of the mid-tropospheric subtropical jet in JJA (Figure 2(f) ).
Additionally, timeseries of the seasonal standard deviation in 2-to 10-d bandpass-filtered MSLP (MSLP 2 -10d ) were constructed to diagnose seasonal-timescale variations in synoptic activity. This quantity does not reflect the tracks of individual weather systems; it represents the aggregated locations of those systems across the entire season. For this diagnostic, the bandpass filtering was applied to each of the 56 ensemble members individually. The seasonal standard deviation at each gridpoint was computed for each ensemble member, then averaged across the ensemble. Rainfall regressions are computed using this ensemble-mean standard deviation field. Seasonal-mean 1900-2010 SSTs from the 1°× 1°H adley Centre sea Ice and SST dataset (HadISST; Rayner et al., 2003) are used to identify SST patterns linked to each EOT. Monthly indices of Niño 3, Niño 3.4 and Niño 4 SSTs are taken from HadISST. The IPO index is that of Parker et al. (2007) : HadISST SSTs projected onto the leading EOF of 13-year lowpass-filtered HadSST2 SSTs (Rayner et al., 2006) .
Tropical-cyclone tracks for the South Pacific basin were obtained from the International Best Track Archive for Climate Stewardship (IBTrACS; Knapp et al., 2010) . Due to limited observational coverage in the basin prior to the satellite era, cyclone tracks were analysed for 1979-2010 only.
Links between rainfall EOTs and blocking are computed using the Bureau of Meteorology blocking index (Pook and Gibson, 1999 ) from the 20CR. The index identifies splits in the mid-tropospheric jet, which are associated with blocking anti-cyclones. At every longitude, the index B is defined as
where U x is the monthly-mean 500 hPa zonal wind from 20CR at latitude x. Seasonal means of B were computed from monthly values, then longitude-averaged over two bands in the Southern Ocean -120°-150°E (B 120 -150 ) and 150°E-180°(B 150 -180 ) -where blocking activity is known to influence Australian rainfall (Qi et al., 1999; Pook et al., 2006; Risbey et al., 2009a Risbey et al., , 2009b .
For correlations between rainfall EOTs and the SAM, we use the station-pressure SAM index of Marshall (2003) , computed as the difference between normalized monthly-mean, zonal-mean sea-level pressures at 40°S minus those at 65°S (Gong and Wang, 1999) . Seasonal means of the SAM index were obtained for 1958-2010.
EOT patterns
Correlation maps for the three EOTs for each season that explain the most variance in area-averaged Queensland rainfall are shown in Figure 3 . An inverted triangle identifies the central point; the values displayed are the statistically significant (at the 5% level) correlations of the rainfall timeseries (for EOT 1) or residual rainfall timeseries (for EOTs 2 and 3) at each gridpoint with that at the central point. In each season, the leading EOT explains by far the greatest percentage of the variance in the area-averaged Queensland rainfall (Table I) and has uni-polar correlations across Queensland ( Figure 3 , left column). The locations of the EOT 1 central points and the regions of highest positive correlations follow the climatological seasonal cycle of rainfall: in the tropical north during the summer monsoon, and in the sub-tropical south in winter due to the influence of mid-latitude weather systems. The largest fraction of the inter-annual variability in Queensland's rainfall occurs via the EOT 1 state-wide rainfall anomalies and displays little regional variation.
Once the leading, state-wide patterns are removed, the remaining EOTs identify regions of Queensland that vary coherently and that occasionally oppose variations in other regions. Rainfall variations in the Cape York Peninsula are disconnected from the remainder of the state during the wet half-year in summer (DJF EOT 2; Figure 3 (b)) and autumn (MAM EOT 3; Figure 3 (f)). These EOTs each explain more of the variance in total Cape York rainfall than do the corresponding leading, state-wide EOTs (DJF EOT 1 and MAM EOT 1, respectively). Southeastern Queensland is another region of coherent variation, especially in winter (JJA EOT 2; Figure 3 (h)) and spring (SON EOT 3; Figure 3 (l)). The former EOT also demonstrates that winter rainfall anomalies in the southeast and the west are anti-correlated. EOTs 2 and 3 suggest separations of rainfall variability between the tropical north and the subtropical southeast, as well as between coastal and inland regions.
The state-wide EOT 1 timeseries have trends and variability similar to Lough (1997) for all-Queensland rainfall: summer rainfall has declined since the mid1970s (Figure 4(a) ), potentially as part of a multi-decadal oscillation, while winter rainfall shows local minima in the 1920s and 1990s (Figure 4(g) ). The southeast has experienced additional drying in recent decades in winter (JJA EOT 2; Figure 4 (h)) and summer (DJF EOT 3; Figure 4 (c)), which agrees with trends at coastal stations in Queensland and New South Wales (Gallant et al., 2007; Speer et al., 2011) . There are no statistically significant linear trends in any EOT over 1900-2010 (not shown), consistent with Nicholls and Lavery (1992) and Lough (1997) .
The timeseries of four EOTs display substantial levels of decadal and multi-decadal variability: DJF EOTs 1 and 3, MAM EOT 2 and JJA EOT 2 ( Figure. 4(a),(c),(e) and (h)). The latter three of these are centred in southeastern Queensland. Wavelet transforms with a Morlet mother wavelet (Torrence and Compo, 1998) confirmed that these EOTs showed statistically significant power at the 10-to 30-year periods across the 1900-2010 period (not shown). No other EOT has temporally consistent, statistically significant power at any single period, suggesting that southern Queensland experiences more decadal and multi-decadal rainfall variability than the remainder of the state. Section 4.1 will show that DJF EOT 1 is driven by the ENSO and the IPO, while Section 4.4 will demonstrate that the other three EOTs are associated with local synoptic variability. The latter finding is significant, as it suggests that the weather patterns influencing southern Queensland have natural decadal and multi-decadal variability that is independent of external forcing from large-scale climate drivers such as ENSO. The three southern Queensland EOTs also show significant interannual variability during 1950-1980, which was also confirmed by the wavelet transform. This is consistent with Speer (2008) , which concluded that the 1948-1975 negative IPO phase led to increased inter-annual variability in coastal eastern Australian rainfall.
Associations of EOTs with large-scale drivers
Linear correlation and regression analysis is employed to determine any associations between the EOTs and potential drivers: the ENSO and the IPO (Section 4.1), tropical-cyclone activity (Section 4.2), local circulation patterns (e.g. blocking) and extra-tropical cyclone activity (Section 4.4). Some of the EOTs linked to ENSO also show links with the SAM (Section 4.1). Table I gives the correlations of each EOT and the indices for these drivers (Section 2). All regression coefficients shown in Figures 5-12 are scaled to describe a change in the regressed field (e.g. MSLP, 850 hPa winds) for a one standard deviation increase in the EOT. 140E  145E  150E  140E  145E  150E  140E  145E  150E  140E  145E  150E  140E  145E 140E  145E  150E  140E  145E  150E  140E  145E  150E  140E  145E  150E  140E  145E Figure 3 . Correlations of the timeseries of seasonal-total (for EOT 1) or residual seasonal-total (EOTs 2 and 3) rainfall at each point with the EOT base point, which is marked with an oversized inverted triangle. The base point is the one that explains the greatest variance in the area-average (EOT 1) or the residual area-average (EOTs 2 and 3) Queensland rainfall once any preceding EOTs have been removed by linear regression. Correlations are shown only where statistically significant at the 5% level. This figure is available in colour online at wileyonlinelibrary.com/journal/joc 4.1. EOTs driven by ENSO and the IPO Five EOTs -DJF EOT 1, MAM EOT 3, JJA EOT 1 and SON EOTs 1 and 2 -show statistically significant correlations with Niño 4 and the IPO at the 5% level or above (Table I) . Regressions of HadISST SSTs on each EOT timeseries confirm the relationships between variability in rainfall and equatorial Pacific SSTs ( Figure 5 (a)-(e)).
Lag regressions of monthly Niño 4 anomalies against each EOT demonstrate that DJF EOT 1 is related to ENSO events that peak concurrently; the JJA and SON EOT 1 patterns are related to ENSO events that peak in the following DJF; and MAM EOT 3 is related to the ENSO of the preceding DJF ( Figure 6 ). The lag regressions for SON EOT 2 are discussed later in this section.
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Windowed correlations were computed between DJF EOT 1 and Niño 4 for 1900-2010, using 11-, 31-and 51-year windows (not shown). The 11-year windowed correlation displays considerable decadal variation in sign and magnitude. The timeseries of the windowed correlation was itself positively correlated (r = +0.42, significant at 5%) with an 11-year running mean of the IPO index, such that decades of a weak (strong) correlation between DJF EOT 1 and Niño 4 occurred during IPO warm (cool) phases. The 31-and 51-year windowed correlations were stable and statistically significant throughout the period.
Years of positive DJF EOT 1 are associated with an intensified 850 hPa cyclonic monsoon circulation over much of Australia, as well as anomalous convergence over the Maritime Continent that reflects a westward shift in the Walker Circulation ( Figure 5(f) ). The positive SOI can also clearly be seen, reinforcing the association with the ENSO. Thus, DJF EOT 1 represents variations in the summer monsoon that are linked to the dominant modes of inter-annual and inter-decadal Pacific climate variability and the interactions between them.
In autumn, the ENSO transition season, Niño 4 and the IPO are correlated only with EOT 3 (Table I) , centred in northern Queensland. This is consistent with Risbey et al. (2009b) and others, who found that MAM showed the weakest teleconnection between ENSO and eastern Australian rainfall of all seasons. SST regressions are weaker than for DJF EOT 1; in the extra-tropics, only small (Table I) , may be evidence of blocking activity, which Risbey et al. (2009b) found produced increased rainfall in SON across southern Queensland. The 11-year windowed correlations of the winter and spring EOT 1 with Niño 4 show occasional decadal fluctuations, but are generally strong and statistically significant (not shown). The JJA 11-year windowed correlation between EOT 1 and Niño 4 is not significantly correlated with the 11-year IPO running mean, while the correlation for SON EOT 1 is similar to that for DJF EOT 1 (r = +0.41, significant at 5%).
In addition to their associations with the ENSO, the leading EOTs for winter and spring also show significant correlations with the SAM (Table I ). The correlation remains significant when the partial correlations with Niño 4 -removing the linear influence of Niño 4 SSTs on the SAM and on each EOT -are computed. JJA EOT 1 and SON EOT 1 are associated with high (low) pressure anomalies across the 40°S (65°S) latitude belt (Figure 7 (a) and (b)), along with strong easterlies (westerlies) at the same latitude ( Figure 5(h) and (i) ). This is consistent with a poleward shift in the westerlies and the positive SAM. As measured by the seasonal standard deviation in MSLP 2 -10d , synoptic activity increases across southern Australia in positive EOT 1 seasons for JJA and SON (Figure 7(d) and (e)), suggesting that more cyclones track between 20-40°S at Australian longitudes. SON EOT 1 is positively correlated with B 150 -180 (Table I) , which may drive the formation of cut-off lows that track north of the block (Risbey et al., 2009b) .
From this analysis, it is not possible to determine what portion of state-wide rainfall variability in JJA and SON is driven by ENSO and what portion by the SAM, only that both are correlated with the EOT 1 patterns. The MSLP anomalies in Figure 7 (a) and (b) resemble the Southern Hemisphere extra-tropical wavetrain response to La Niña (Karoly, 1989; Mo, 2000) , but also project strongly onto the SAM. The low-level circulation anomalies suggest a role for convergence near the Maritime Continent and the advection of tropical moisture, while the MSLP 2 -10d diagnostic implicates a stronger extra-tropical storm track. This suggests that in addition to the tropical circulation response to ENSO, extra-tropical variability associated with ENSO and the SAM is important for state-wide winter and spring rainfall.
While winter, summer and autumn each have only one EOT with a significant relationship with ENSO, spring has two: SON EOT 2 is also correlated with Niño 4 at 5% (Table I) . SON EOT 2 is associated with weaker Pacific SST anomalies ( Figure 5 (e)) than is EOT 1 (Figure 5(d) ). The correlation has been statistically significant only since 1960 (not shown), suggesting a stronger relationship between northern Queensland spring rainfall and ENSO during this period. Wet SON EOT 2 seasons show anomalous 850 hPa convergence near the Maritime Continent and lower MSLP over northern Australia (Figure 5(j) ), as for EOT 1, but lack the anti-cyclonic anomalies near New Zealand. Lagged regressions of monthly Niño indices against SON EOTs 1 and 2 demonstrate that while SON EOT 1 is associated with ENSO events that peak in the subsequent DJF, the ENSO events linked to SON EOT 2 decay in DJF (Figure 6(b) ). Thus, strong, developing ENSO events in SON lead to Queensland-wide rainfall variations, while weaker, terminating ENSO events produce rainfall anomalies only in tropical northern Queensland. 
EOTs driven by TCs
DJF EOT 2 (Figure 3(b) ) is the only EOT to display a significant relationship with the number of TCs approaching the Queensland coast. This EOT describes rainfall variability in tropical northern Queensland, where most of the TCs that strike Queensland make landfall (Flay and Nott, 2007) . Even a single landfalling cyclone can substantially increase seasonal rainfall totals there (Lough, 1993) . DJF EOT 2 shows no relationship with any other large-scale driver (Table I) , despite the known influence of ENSO on tropical-cyclone counts near Queensland (Walsh and Syktus, 2003; Kuleshov et al., 2009) . This may be due to the removal of the DJF EOT 1 pattern, which was highly correlated with ENSO and the IPO, prior to the calculation of EOT 2. Further, DJF EOT 1 is not associated with tropical-cyclone activity, despite the EOT being driven by ENSO. This is likely due to the state-wide nature of DJF EOT 1; variations in tropical-cyclone activity are far more likely to affect regional, coastal rainfall than state-wide patterns.
Composites of IBTrACS cyclone tracks were constructed for the six seasons in 1979-2010 -the period of the IBTrACS dataset (Section 2.3) -when DJF EOT 2 was above (Figure 8(a) ) and below (Figure 8(b) ) one standard deviation of its mean. The six strong DJF EOT 2 seasons clearly have far more TCs near the northeastern Queensland coast than the six weak seasons, with the main genesis region between 150°E and 170°E. In weak years, many storms form east of 160°E and track south, away from Australia. Regressions on DJF EOT 2 of tropical-cyclone track, genesis and lysis densities from IBTrACS, computed using the method of Hodges (1996) , were also analysed. The results were broadly similar to those for the composites in Figure 8 : for above-normal DJF EOT 2 seasons, there were increases in track density near the Queensland coast, in genesis density in the Coral Sea and in lysis density over the Cape York peninsula. For brevity, these are not shown. Further, regressions onto DJF-mean 850-250 hPa vertical wind shear from 20CR showed reductions in wind shear across northern Australia in high DJF EOT 2 seasons (not shown). This is consistent with the conclusions of Camargo et al. (2007) and Kuleshov et al. (2009) on the importance of low vertical wind shear for tropical-cyclone development in the southwest Pacific.
EOTs driven by monsoon variability
Autumn is the only season for which the leading, statewide EOT shows no significant correlation with Pacific N. P. KLINGAMAN et al. SST variability (Table I) . Rather, the positive phase of MAM EOT 1 is associated with lower MSLP and an enhanced 850 hPa cyclonic circulation at over much of Australia (Figure 9(a) ), which suggests increased rainfall at the end of the monsoon season. Regressions of MAM EOT 1 onto monthly SILO rainfall support this link to monsoon: most of the rainfall variations associated with this EOT occur in March, with virtually no signal in April or May (not shown). The MAM EOT 1 timeseries is also significantly positively correlated (r = +0.44, significant at the 1% level) with the autumn-mean Australian monsoon index of Kajikawa et al. (2010) . The index -defined as the mean 850 hPa zonal wind across a box 5°-15°S, 110°-130°E -was computed from daily values from the 20CR; MAM seasonal means were taken prior to correlating the timeseries with MAM EOT 1. Unlike the ENSO-driven MAM EOT 3, which was restricted to northern Queensland, in MAM EOT 1 the strong monsoon circulation extends over the entire state, bringing enhanced cyclonic, onshore winds to central and southern Queensland. The MAM EOT 1850 hPa circulation resembles DJF EOT 1 (Figure 5(f) ), with the key difference that in MAM there is no anomalous convergence over the Maritime Continent. There is no link between MAM EOT 1 and the Walker Circulation, consistent with the lack of an association with ENSO and the IPO. This is likely because the influence of ENSO wanes in austral autumn, during which it affects only the tropical north of the state, as represented by MAM EOT 3 (Section 4.1). While DJF EOT 1 and MAM EOT 1 are each related to the strength of the Australian monsoon, their timeseries are uncorrelated (r = +0.02). Again, this is likely because of the influence of ENSO on the summer state-wide pattern, but not on the autumn one. Section 5 further discusses the correlations between EOTs Instead, local SST anomalies dominate: warm SSTs along the eastern coast accompany wet autumns in Queensland (Figure 9(b) ). Local air-sea interactions may therefore play an important role in determining statewide rainfall during the final phase of the monsoon. Previous studies have demonstrated key roles for feedbacks between monsoon circulations and local SST anomalies in the Australian and South Asian monsoon systems (Nicholls, 1978; Meehl, 1997; Wang et al., 2003) . Here, the warm SSTs coincide with increased synoptic activity across Queensland and northern Australia, as measured by the seasonal standard deviation in MSLP 2 -10d (Figure 9(c) ). When combined with the lower seasonal-mean MSLP and increased cyclonic circulation (Figure 9(a) ), this stronger variability suggests more-frequent cyclonic activity and more rain-bearing monsoon disturbances. Figure 10 . For (top row) DJF EOT 3, (second row) MAM EOT 2, (third row) JJA EOT 2 and (fourth row) JJA EOT 3, the linear regression coefficients of (left column) seasonal-mean MSLP (contours and shading) and 850 hPa winds (vectors); (center column) seasonal-mean 500 hPa specific humidity (contours and shading) and 500 hPa winds (vectors); and (right column) the seasonal standard deviation of MSLP 2 -10d onto each EOT timeseries. The contour intervals are 0.2 hPa from ±0.1 hPa for MSLP, 0.02 g kg −1 from ±0.01 g kg −1 for specific humidity and 0.02 hPa from ±0.01 hPa for MSLP 2 -10d , with positive (negative) contours dashed (dotted). Dark (light) shading indicates where positive (negative) MSLP, specific humidity and MSLP 2 -10d regressions are significant at 5%; 850 and 500 hPa winds are shown only where significant at 5%.
not show statistically significant correlations with many of the large-scale drivers considered (Table I) , but instead are linked to local circulations and synoptic activity. Each EOT displays significant decadal or multi-decadal variability for much of 1900-2010 (Figure 4 ), which demonstrates that local Australian synoptic patterns have natural, internal variability on these temporal scales, separate from external forcing (e.g. from Pacific SSTs). A fourth EOT -JJA EOT 3 -is correlated with the SAM, but this section demonstrates it is likely driven by local synoptic patterns.
DJF EOT 3 describes rainfall variations in coastal southern Queensland (Figure 3(c) ). Seasons of high coastal summer rainfall are associated with anomalously low MSLP over coastal Queensland and anomalously high pressure in the Southern Ocean, southwest of New Zealand (Figure 10(a) ). The 850 hPa circulation around the anomalous MSLP dipole brings anomalous onshore winds to southern Queensland, enhancing oceanto-land moisture transport. Mid-tropospheric (500 hPa) specific humidity increases along the coast, associated with a cyclonic circulation over southeastern Australia that draws tropical air southeast (Figure 10(b) ). Increases in MSLP 2 -10d variance are collocated with the reduced MSLP, implying more-frequent coastal cyclonic activity (Figure 10(c) ). DJF EOT 3 is unrelated to TCs (not shown), but may be connected to the number of coastal monsoon lows. As the anomalous Southern Ocean anticyclone and the anomalous 500 hPa easterlies near 45°S suggest, this EOT is correlated with B 120 -150 (Table I) . Since Queensland receives most of its summer rainfall from tropical, not extra-tropical systems, blocking likely plays only a small role in directing rain-bearing systems towards Queensland. The negative loading of this pattern since 1970 (Figure 4(c) ) implies a decrease in the frequency of coastal depressions and onshore flow over the last four decades.
In autumn, EOT 2 is centred over central and southern Queensland (Figure 3(e) ). The spatial pattern is nearly the complement of the ENSO-driven MAM EOT 3 (Figure 3(f) ). Thus, once the state-wide EOT 1 has been removed, EOT 2 describes coherent rainfall variations in regions that are unaffected by ENSO. Unlike DJF EOT 3, MAM EOT 2 is clearly associated with extra-tropical synoptic patterns, with an anomalous surface cyclonic circulation over southeastern Australia (Figure 10(d) ) and mid-tropospheric convergence and moistening along the east coast (Figure 10(e) ). The MSLP anomalies are linked to enhanced MSLP 2 -10d variance across eastern Australia (Figure 10(f) ). While the tracks of individual systems cannot be determined from these diagnostics, the negative MSLP anomalies and the maximum in MSLP variance over southeastern Australia suggest that these are extratropical systems that move north and east from there, bringing rain to central and southern Queensland.
JJA EOT 2 describes opposing rainfall variations in southeastern and western Queensland (Figure 3(h) ). Since 1990, the EOT has been in a negative phase of its multi-decadal oscillation (Figure 4(h) ), corresponding to dry (wet) conditions in the southeast (west). In years of high JJA EOT 2, an anomalous Tasman Sea anti-cyclone drives onshore 850 hPa (Figure 10(g) ) and 500 hPa (Figure 10(h) ) winds along the coast, leading to enhanced moisture transport and increased rainfall. The EOT is significantly correlated with B 150 -180 (Table I) , consistent with the reductions in synoptic activity across southeastern and central-eastern Australia (Figure 10(i) ). Blocking often causes Southern Ocean cyclones to deviate southeast, away from Australia. The reduced synoptic activity likely explains the reduced rainfall in western Queensland in years of positive JJA EOT 2. Thus, wintertime Tasman Sea blocking increases (reduces) rainfall in southeastern (western) Queensland via strengthened onshore winds (fewer extra-tropical cyclones).
We note that Risbey et al., 2009b) found positive correlations between JJA blocking at 140°E and western Queensland rainfall (their Fig. 13c ), which the authors attributed to cut-off lows forming north of the block. The blocking associated with JJA EOT 2 is located east of the longitude Risbey et al. (2009b) used, which may explain the variation in rainfall impacts: cut-off lows forming north of the Tasman Sea block may be too far east to affect western Queensland. Further, Risbey et al. (2009b) computed the correlation with the total seasonal rainfall, whereas JJA EOT 2 represents only that portion of the rainfall that varies coherently between western and southeastern Queensland.
While JJA EOT 3, representing central and northern Queensland (Figure 3(i) ), is negatively correlated with the SAM (Table I) , regressions of 20CR MSLP onto JJA EOT 3 for the period of the SAM index do not resemble the observed annular SAM structure (Figure 11) . Rather, the only statistically significant correlations occur between Australia and Antarctica. These negative anomalies would project onto the negative SAM, explaining the correlation, but it is doubtful that the SAM drives this EOT. Hendon et al. (2007) and Risbey et al. (2009b) concluded that the SAM affects only southern Victoria and southern Western Australia in JJA.
Instead, JJA EOT 3 is likely associated with coastal cyclones. Low pressures southeast of Australia and along the east coast (Figure 10 (j)), combined with increased synoptic activity across Queensland and offshore (Figure 10(l) ), support this association. The coastal 850 hPa circulation patterns resemble those for MAM EOT 2, which is also linked the southward transport of tropical air and coastal synoptic activity. The 500 hPa circulation anomalies are weaker than for MAM EOT 2, with no convergence or moistening (Figure 10(k) ). Still, the increases in synoptic activity point to the importance of coastal storms that can draw tropical moisture south. JJA EOT 3 does not explain rainfall in the southern coastal regions, despite increases in synoptic activity; this is due to the removal of JJA EOT 2, which explained most of the variance in southeastern rainfall. JJA EOTs 2 (Table I) . Features of these drivers can be seen in MSLP and 850 hPa circulation regressions (Figure 12 (a) and (b)), but there are no significant anomalies over Queensland. Seasonal synoptic variability decreases over eastern and southeastern Australia (Figure 12 (c)), consistent with the strong Southern Ocean blocking. Hendon et al. (2007) and Meneghini et al. (2007) found that the positive SAM could increase spring rainfall in coastal eastern Australia via anomalous onshore winds, but no such circulation patterns are found for SON EOT 3 in either 20CR (Figure 12(a) ) or ERA-40 (not shown). While this EOT is related to blocking and the SAM, no conclusions can be drawn about how those influence southeastern Queensland spring rainfall.
Discussion and summary
EOT analysis has been used to decompose the interannual variability in seasonal Queensland rainfall for 1900-2010 into patterns that are linearly orthogonal in time. Regressions of the three leading EOTs for each season against observations and reanalysis data have allowed diagnosis of the drivers of Queensland's rainfall variability and the seasonal variations in their strength (Table II) . Beyond the first, state-wide EOT for each season, the EOT decomposition identified regions of Queensland that vary coherently. In many cases, this permitted some separation of the effects of individual drivers on the state. For example, variations in the number of Coral Sea TCs control summer rainfall in the Cape York peninsula (DJF EOT 2, Section 4.2); in southern Queensland, summer rainfall is driven by fluctuations in east-coast cyclone numbers and the strength of onshore winds (DJF EOT 3, Section 4.4). In spring, summer and winter, the leading, state-wide pattern of Queensland rainfall variability is highly correlated with the ENSO (Table I) . This reinforces the conclusions of Risbey et al. (2009b) and many others, who have found that the ENSO explains the greatest rainfall variance in Queensland of any single driver. During the autumn ENSO transition season, Pacific SST variability is associated with rainfall in only tropical northern Queensland (MAM EOT 3; Figure 5(b) ). In spring and winter, the correlation between EOT 1 and Niño 4 SSTs has been mostly stable since 1900, with only weak decadal fluctuations. By contrast, the relationship between summer rainfall and Niño 4 has varied considerably, coherent with shifts in the IPO (Section 4.1): in IPO warm (cool) phases, the correlation between DJF EOT 1 and Niño 4 is weak (strong). Additionally, DJF EOT 1 shows a greater correlation with a seasonal IPO index than with Niño 4 (Table I) ; it is the only EOT associated with off-equatorial as well as equatorial Pacific SST anomalies ( Figure 5 (a)); and it is the only ENSO-related EOT to display consistent, significant multi-decadal variability (Figure 4(a) ). These results suggest a much more substantial impact of the IPO on Queensland rainfall in summer than in winter or spring.
In winter and spring, Queensland rainfall is influenced by the tropical and extra-tropical circulation responses to the ENSO (Figure 5 (h) and (i)), as well as shifts in the Southern Ocean storm track and fluctuations in blocking activity that are likely related to SAM variability (Figure 7 ). It has not been possible to separate the impacts of the ENSO and the SAM on JJA EOT 1 and SON EOT 1, but the analysis in Section 4.1 points to a potentially greater role for extra-tropical ENSO teleconnections and the SAM to affect state-wide Queensland rainfall than has previously been reported. The spring season is unique in that variations in ENSO character affect the teleconnection to Queensland rainfall: strengthening ENSO events that peak in the next DJF cause state-wide rainfall anomalies (SON EOT 1), while ENSO events that stagnate or decay in the next DJF impact northern Queensland only (SON EOT 2; Figure 6(b) ).
State-wide autumn rainfall variations are controlled by the late-season strength of the Australian monsoon (Figure 9(a) ). The warm SST anomalies along the east coast of Australia (Figure 9(b) ) and the increased synoptic variability across Queensland (Figure 9(c) ) suggest that local air-sea interactions are important for maintaining the monsoon rains into autumn, absent of the influence of the ENSO.
Once the state-wide, EOT 1 patterns have been removed, the EOTs describing summer (DJF EOT 3), autumn (MAM EOT 2) and winter (JJA EOT 2) rainfall in southern Queensland are associated with variability in local, coastal synoptic patterns, particularly onshore winds and Tasman Sea blocking (Section 4.4). All three EOTs have been negative since at least 1990 (Figure 4 (f), (g) and (i)), with DJF EOT 3 negative since 1970. This variability is almost certainly linked to recent declines in coastal and southern Queensland rainfall (Alexander et al., 2007; Gallant et al., 2007) . These EOTs also demonstrate significant decadal or multi-decadal variability (Figure 4 ), but are not linked to the IPO or any other remote driver considered in this study (Table I) . Thus, it is probable that the coastal circulation regimes themselves exhibit natural, internal variability on these temporal scales, and thus modulate rainfall. Future work should focus on understanding precisely what types of rainbearing systems (e.g. east-coast lows; Hopkins and Holland, 1997) are associated with these EOTs, and whether the frequencies of those systems also show decadal variability. Improved knowledge of the sources of natural decadal variability in Australian rainfall would greatly aid predictions of rainfall changes over the next several decades.
As is often the case with decomposition techniques, it has not been possible to associate all of the EOTs with a driver; the mechanism that controls spring rainfall in southeastern Queensland (SON EOT 3) remains unclear. The pattern is associated with Southern Ocean blocking and the positive SAM, but the lack of any significant circulation, MSLP, or SST anomalies near the region of interest make it impossible to ascertain how these drivers control rainfall.
To assess whether the identified EOTs would be useful for seasonal prediction, we performed lead-lag correlation analysis between each EOT and all other EOTs, using 1-and 2-year leads and lags (not shown). The only EOTs that showed statistically significant correlations were the ENSO-driven EOTs, which were significantly correlated only with other ENSO-driven EOTs. This likely reflects nothing more than the persistence of ENSO from one season to the next within a calendar year. These results may point to an inherent lack of predictability in Queensland rainfall, at least based on past seasons' rainfall alone, apart from the teleconnection with ENSO. We note that Hendon et al. (2012) demonstrated low potential predictability for the Australian summer monsoon, during which Queensland receives much of its rainfall, due to seasonally reversing air-sea interactions in the waters north of Australia.
Based on this study and the results of Smith (2004) and Rotstayn et al., 2010) , the EOT technique has proven useful in separating Australian rainfall into regional patterns of variability, and in identifying atmospheric and coupled atmosphere-ocean drivers of that variability. Applying this same EOT analysis to the control simulations of coupled climate models would permit a rigorous assessment of the models' abilities to simulate not only Queensland's rainfall, but also the mechanisms that control its variability. Those mechanisms that were well-simulated could then be investigated in model integrations with increased greenhouse-gas concentrations, with the ultimate goal of reducing uncertainty in projections of future rainfall change.
